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ABSTRACT
The challenge of managing and breeding dairy cows is 
permanently adapting to changing production circum-
stances under socio-economic constraints. If managing 
and breeding address different timeframes of action, 
both need relevant phenotypes that allow for precise 
monitoring of the status of the cows, and their health, 
behavior, and well-being as well as their environmental 
impact and the quality of their products (i.e., milk and 
subsequently dairy products). Milk composition has 
been identified as an important source of information 
because it could reflect, at least partially, all these ele-
ments. Major conventional milk components such as 
fat, protein, urea, and lactose contents are routinely 
predicted by mid-infrared (MIR) spectrometry and have 
been widely used for these purposes. But, milk com-
position is much more complex and other nonconven-
tional milk components, potentially predicted by MIR, 
might be informative. Such new milk-based phenotypes 
should be considered given that they are cheap, rapidly 
obtained, usable on a large scale, robust, and reliable. 
In a first approach, new phenotypes can be predicted 
from MIR spectra using techniques based on classical 
prediction equations. This method was used success-
fully for many novel traits (e.g., fatty acids, lactoferrin, 
minerals, milk technological properties, citrate) that 
can be then useful for management and breeding pur-
poses. An innovation was to consider the longitudinal 
nature of the relationship between the trait of interest 
and the MIR spectra (e.g., to predict methane from 
MIR). By avoiding intermediate steps, prediction errors 
can be minimized when traits of interest (e.g., methane, 
energy balance, ketosis) are predicted directly from 
MIR spectra. In a second approach, research is ongoing 
to detect and exploit patterns in an innovative manner, 
by comparing observed with expected MIR spectra di-
rectly (e.g., pregnancy). All of these traits can then be 
used to define best practices, adjust feeding and health 
management, improve animal welfare, improve milk 
quality, and mitigate environmental impact. Under 
the condition that MIR data are available on a large 
scale, phenotypes for these traits will allow genetic and 
genomic evaluations. Introduction of novel traits into 
the breeding objectives will need additional research to 
clarify socio-economic weights and genetic correlations 
with other traits of interest.
Key words: dairy cattle, milk mid-infrared, 
management, breeding
INTRODUCTION
Management and breeding of dairy cows face the 
challenge of permanently adapting to changing produc-
tion circumstances under socio-economic constraints. 
Previously, Olesen et al. (1999) linked sustainability 
not only to short- and long-term economic but also 
to environmental, genetic diversity, ethical, and social 
aspects. More recently, Boichard and Brochard (2012) 
also identified new challenges regarding sustainability 
with its 3 pillars: economic, societal, and environmen-
tal. They also supported the idea that relevant pheno-
types will be needed to address already existing but 
also emerging challenges. Even if timeframes of action 
are different, challenges in management and breeding 
are similar and the requirement to access novel traits, 
especially linked to animal functionality, were clearly 
identified (e.g., Egger-Danner et al., 2015). Negative 
genetic trends in health and fitness traits have been 
observed in the last years because of their unfavorable 
genetic correlations with milk yield, the major trait of 
interest. To support the sustainability of dairy cattle 
production in the future, such unfavorable trends have 
to be compensated. Herd management, but also breed-
ing, may have the potential to counterbalance for these 
effects to favor fertility, udder health, and metabolic 
diseases against increased production and therefore 
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these actions could increase profit without compromis-
ing welfare. Unfortunately, access to direct (i.e., cow 
heath) data is still a challenge, especially if large-scale 
and extensive comparable data across different herds 
are needed as, for instance, for breeding and bench-
marking purposes. Similarly, management and selection 
for product quality (i.e., milk and subsequently dairy 
products) require access to high-throughput data given 
that alternative reference laboratory techniques (e.g., 
gas chromatography for fatty acid profiling) are out 
of question. Similarly opportunities to record direct 
behavioral and environmental impact traits are very 
limited, especially when we consider recording on a 
very large scale.
Standard milk components such as fat, protein, urea, 
and lactose contents, except SCC, are obtained using 
a technology called mid-infrared (MIR) spectros-
copy (e.g., Biggs, 1978). Because the quantification of 
components is done using chemometric methods, the 
word spectrometry is also commonly used. As reported 
recently by De Marchi et al. (2014), this technology, 
which is installed in almost every milk analyses labora-
tory around the world, could also be used to determine 
fine milk composition. But this is not the final stage of 
development of this technology, as several innovations 
were recently described allowing its rise above an al-
ternative method to detect chemical composition. The 
goal of this paper, inside the general symposium “Milk 
spectral data—Cost-effective information to improve 
expensive and limited traits in dairy cattle breeding,” 
is to describe the latest developments and state of the 
art on the way that dairy cow management and breed-
ing can benefit from milk composition assessed through 
MIR spectral data. This includes recent methodological 
innovations and developments to improve the use of 
fine milk composition, assessed through MIR spectral 
technology. Interactions between these innovations and 
the use of milk composition for breeding and manage-
ment of dairy cows are described. Finally, recent in-
novations in the direct use of milk MIR spectral data 
are described.
USEFULNESS OF (FINE) MILK COMPOSITION
Not only is milk composition affected by the genetic 
background of cows (e.g., breed), but also the diet 
they are fed, their health, and numerous other effects. 
Changes in milk composition can also be used for pre-
cise monitoring of the status and health of the cows, 
and therefore their wellbeing, their diet, their environ-
mental impact, and obviously the composition and the 
quality of their products (i.e., milk and subsequently 
dairy products). Milk composition traits play the role of 
indicator traits replacing a difficult to observe trait by 
a different, but reasonably highly correlated trait. An 
example is SCC, which was developed as an indicator 
of udder health (e.g., Schukken et al., 2003). The con-
cept of a biomarker is defined as “a characteristic that 
is objectively measured and evaluated as an indicator 
of normal biologic processes, pathogenic processes, or 
… responses to an … intervention” (e.g., National 
Institutes of Health, 2001). The extension of the con-
cept of biomarkers to different milk components, which 
then play the role of milk biomarkers, has been rather 
well described in literature (e.g., Bjerre-Harpøth et al., 
2012).
Assessing Animal Health and Status
Due to the very intensive interaction between blood 
circulation and milk production (Bramley et al., 1992), 
milk composition is well recognized as a very easily acces-
sible source of information on the (subclinical) changes 
in the health status of dairy cows (e.g., Hamann and 
Krömker, 1997). Mulligan et al. (2006) summarized that 
several milk components could be used in the detection 
of metabolic disorders (e.g., induced by an unbalanced 
diet). Major conventional milk components that have 
been available for a long time, such as fat, protein, and 
potentially urea and lactose, were considered by many 
researchers as potential tools and proxies to assess the 
changes in the status of the cows. Several examples 
were reported in literature. Plaizier et al. (2008) linked 
milk fat depression to potential SARA. Also, a high fat 
to protein ratio was suggested as an indicator for cows 
with a high risk of negative energy balance leading to 
related afflictions such as ketosis, displaced abomasum, 
ovarian cyst, lameness, mastitis, and body condition 
loss (Friggens et al., 2007). Frank and Swensson (2002) 
suggested that urea content, together with the protein 
content of the milk, could indicate the balance between 
protein and energy in the rumen. They also established 
that the efficiency of nitrogen utilization and the am-
monia emission reduction could be optimized using the 
knowledge of urea and protein content. Brandt et al. 
(2010) summarized literature on the expected effects 
of mastitis on milk composition, including lactose. In a 
review, Arnould et al. (2013) summarized several scien-
tific publications showing the benefit and the potential 
use of these traditional component, but also the use of 
novel milk composition traits such as fatty acids, BHB, 
lactoferrin, and others. Examples are the use of BHB in 
milk as a potential indicator of ketosis (Jorritsma et al., 
1998) and lactoferrin (Kawai et al., 1999) as an indica-
tor of mastitis. As reported by De Marchi et al. (2014) 
in their review, several studies associated body energy 
status, ketosis, and milk composition. Some authors 
stressed that cows with severe postpartum negative 
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energy balance are more likely to develop metabolic 
disorders, including ketosis (e.g., Collard et al., 2000). 
Clinical and potentially subclinical ketosis might be 
rather linked to milk components such as acetone and 
BHB contents (van Knegsel et al., 2007) than to fat-to-
protein ratio (van Knegsel et al., 2010). Van Haelst et 
al. (2008) extended the list of ketosis-related biomark-
ers to C18:1 cis-9.
Milk composition is also at the frontier of animal 
health, wellbeing, and even behavior as individual 
changes in milk composition at a given moment can be 
linked not only to changes in the health status but also 
to the general wellbeing and even to the behavior (e.g., 
feed intake) of the animals. Interactions between these 
elements are also linked to management and production 
systems (e.g., Dechow et al., 2011). Recently, Ham-
mami et al. (2015) reported that differentiated response 
of milk components to heat stress could be an indicator 
of the equilibrium between feed intake and reserve mo-
bilization under warm conditions. These authors found 
that the MIR-predicted content of C18:1 cis-9 in milk 
could be a very affordable milk biomarker if available. 
This finding follows results reported by others that 
this fatty acid reflects body reserve mobilization and 
thereby fertility (e.g., Bastin et al., 2012).
Assessing Quality of Milk and Milk Products
Milk is a complex substance (e.g., Jensen, 1995), 
which reflects its nutritional content and its market 
value. Milk fat and protein content are used to de-
termine the value of raw milk in almost all pricing 
schemes. Nonstandard components (e.g., solids, lactose, 
saturated fatty acids) begin to be added in some coun-
tries to milk pricing schemes. If some of these compo-
nents are already available (e.g., lactose), others need 
an adapted technology to be obtained in routine (e.g., 
fatty acid profiles). De Marchi et al. (2014) summarized 
that interest in fatty acids can be explained by their 
importance as milk quality and nutritional value traits 
but also due to their influence on other important attri-
butes of milk, especially technological property traits of 
milk and milk products (e.g., spreadability of butter). 
Similarly, the characteristics of milk related to cheese 
making are becoming more important with increasing 
volume of milk destined for cheese manufacturing. As 
reported by De Marchi et al. (2014), milk coagula-
tion properties, acidity, and protein composition are 
important factors in cheese production. Until recently, 
the available technology did not allow obtaining these 
traits easily, using cheap routine methods. Because of 
their link to some technological aspects (e.g., coagula-
tion properties), environmental aspects (e.g., excretion 
of phosphorus), and animal health (e.g., milk fever 
or mastitis), and because of their key role for human 
health, the quantification of mineral contents in milk is 
also highly desirable.
Assessing Emissions and Interactions  
with the Environment
Milk-producing cows interact with their environ-
ment. Animals are affected directly but also indirectly 
by environmental conditions (i.e., extreme weather 
events). They also release emissions directly or indirect-
ly through their manure or urine into the atmosphere. 
Currently, nitrogen efficiency and methane production 
(i.e., feed energy efficiency) are considered as the most 
important issues, but novel ones are emerging such 
as phosphorus efficiency. First, ruminants do not ef-
ficiently use dietary nitrogen, leading to excess nitrogen 
excreted in urine and feces. Urea in milk can also be 
considered as a loss for the value chain. Dairy cows on 
average secrete in milk 25 to 35% of their consumed 
nitrogen, whereas almost all the remaining nitrogen is 
excreted in urine and feces with about half of the nitro-
gen excreted in urine (e.g., Castillo et al., 2000). Ishler 
(2004) reported a range of approximately 60 to 80% of 
the nitrogen in urine being in the form of urea. Frank 
and Swensson (2002) suggested that the efficiency of 
nitrogen utilization and the ammonia emission reduc-
tion could be optimized using milk composition (i.e., 
urea and protein content). Nitrogen partitioning in the 
milk could be assessed by separating true protein and 
nonprotein nitrogen including urea. A second major is-
sue of great concern is the existence of CH4 emissions 
in dairy cows also contributing to greenhouse gases. 
These emissions contribute to the carbon footprint of 
dairy products, but also represent a loss of use of gross 
energy intake (Johnson and Johnson, 1995) and are 
closely linked to feed energy efficiency. Most of the CH4 
emitted by cattle is eructed. Direct quantification of 
CH4 is expensive and would not allow measurements 
on a wide range of animals. Therefore, development of 
simple methods to obtain indicators of CH4 production 
is needed. If links with milk composition are obvious for 
nitrogen, they may be less obvious for CH4. Vlaeminck 
et al. (2006) reported links between acetate, butyrate, 
and propionate and several milk fatty acids, all 3 VFA 
being related to the production of methane. De novo 
synthesis of milk fatty acids in the mammary gland 
is dependent on the products of ruminal fermentation 
(Chilliard et al., 2000) as is the production of eructed 
CH4 (Dijkstra et al., 2011). Unfortunately recent re-
search on the link of milk fatty acids and CH4 gave 
inconsistent results, some researchers finding a link 
between some fatty acids and CH4 (e.g., Dijkstra et 
al., 2011), but others concluded that milk fatty acids 
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alone may not be suitable for developing universal CH4 
prediction equations (e.g., Mohammed et al., 2011). 
Moreover, even the different studies confirming these 
links did not report similar equations using the same 
fatty acids (e.g., Dijkstra et al., 2011; Montoya et al., 
2011), a major hypothesis being explored is that the 
fatty acid profile in milk and therefore the propor-
tions of fatty acids relevant to predict CH4 are also 
influenced by other factors. The influence of feeding 
practices is well documented (e.g., Mohammed et al., 
2011), but this is difficult to assess in field conditions. 
However, other systematic factors can be described. In 
particular, lactation stage and heat stress were recently 
studied, and both seem to influence the equilibrium be-
tween feed intake and body reserve mobilization. The 
later hypothesis was first reported in the context of the 
interaction between dairy cows and climate by Gengler 
(2014).
To sum up, literature has shown that many elements 
in (fine) milk composition are of major interest for 
management and breeding of dairy cattle. The major 
issue with these novel fine milk composition traits is 
that their routine use is compromised without large-
scale and cheap phenotyping tools as the direct analysis 
of milk required generally expensive reference methods. 
Starting with fatty acid composition (Soyeurt et al., 
2006), this need for a fast, cheap, and high-throughput 
method for the determination of (fine) composition in 
milk was addressed with novel applications of an al-
ready existing and routinely used technology, infrared 
(IR) spectroscopy (De Marchi et al., 2014).
MIR SPECTROMETRY
The most generalist definition of spectroscopy is the 
study of the interaction between matter and electromag-
netic radiation. Different types of interactions allow a 
classification of spectral methods. Most important types 
of interaction are absorption, emission, and reflection. 
The history of spectroscopy is linked to the analysis of 
scattered light through a prism as experienced by Isaac 
Newton, but also to astronomy where the measured 
spectra are used to determine the chemical composition 
of far stars. Spectroscopy moved from qualitative (e.g., 
presence of an element in a star) to quantitative (e.g., 
chemical composition of liquids such as wine and milk, 
of solids such as meat, of gases in the air; quality of 
agricultural products as energy and protein contents 
of feed stuff, cheese curd firmness) through the devel-
opment of adapted technological advances such as the 
interferometer and associated methods. Based on this, 
Fourier transform spectroscopy was developed. Fourier 
transform spectroscopy uses different beams containing 
combinations of many different wavelengths of electro-
magnetic radiations at once, measuring the total beam 
intensity. Posteriorly, data are then processed using an 
algorithm called the Fourier transform to generate the 
whole spectra (Bertrand and Baeten, 2006).
Spectroscopy can also be associated with the detec-
tions of atoms or molecules. For atoms, the absorptions 
or emissions show spectral lines associated with elec-
tronic transmissions between electron orbits. For mol-
ecules different types of interaction exist. For the type 
of spectrometry used to detect the (fine) composition 
of milk, molecular vibrations (mainly stretching and 
bending) linked to specific molecular bonds are used, 
as vibrational transitions typically require an amount 
of energy that corresponds to a specific IR region of the 
electromagnetic spectrum (Lachenal, 2006).
Milk analysis uses absorption IR spectroscopy as-
sociated with the near-IR region (800–2,500 nm or 
4,000–12,500 cm−1) but more often the MIR region 
(2,500–25,000 nm or 400–4,000 cm−1). Currently all 
standard and conventional milk component quantifica-
tion used for breeding and management, except SCC, 
are based on MIR spectroscopy. Grelet et al. (2015) re-
ported more details about the history of the use of MIR 
for milk composition analysis. In traditional absorp-
tion spectrometry, transmittance (T) or absorbance 
(A), a reciprocal logarithmic function of transmittance 
A = −log10(T), are considered (Meurens, 2006). Mea-
surements are taken at up to thousand different wave-
numbers (e.g., 899 for Bentley, 935 for Delta, and 1,060 
for Foss instruments) which are an inverted function 
of wavelengths and expressed in centimeters−1. The 
absorbance values along this range of wavenumbers 
form what is generally called a MIR spectrum. Ob-
servations in a given spectrum are then combined in 
a linear equation to predict the concentration of the 
milk component of interest. This is an extension of the 
Beer–Lambert law linking absorbance to concentration. 
The process of deriving and validating the prediction 
equation needed in spectrometry is called calibration. 
It involves obtaining values from reference analysis also 
often called gold-standard values, covering the expect-
ed variability of the component and the corresponding 
spectral data. In parallel, spectral data also need to 
cover the expected spectral variability from commercial 
farms to be used when predicting the component. This 
can be a major issue when an equation developed in 
one environment is transferred to another environment. 
The spectral variability in the new environment has to 
be checked to remain compatible with the variability of 
the reference data. The concept of the global standard-
ized Mahalanobis distance H value as defined by Shenk 
and Westerhaus (1991) is often used. Also, predictions 
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have to be checked carefully for outliers. Gold-standard 
analysis results for detected outliers can be valuable 
additions to the reference data sets.
Prediction equations developed for one spectrometer 
cannot necessarily be trusted on another apparatus 
even if it is the same model. As reported by Soyeurt 
et al. (2011), the repeatability of the results can be 
improved by considering the repeatability across instru-
ments through the use of MIR spectra for the same 
samples but generated on different instruments. Some 
calibration procedures and software specifically use this 
information as stored in a file called a repeatability file.
Data points in spectral data are highly correlated and 
prediction equations potentially over-parameterized. 
Therefore, the use of adapted statistical tools to derive 
prediction equation coefficient is required (Vigneau et 
al., 2006). Commonly used are multivariate methods 
such as partial least squares to derive the coefficients 
needed for the prediction equation. De Marchi et al. 
(2014) gave an overview of often used pretreatments of 
spectral data applied before calibrations.
PHENOTYPES BASED ON MIR SPECTROMETRY 
AND NOVEL MILK COMPOSITION 
The number of studies investigating the effectiveness 
of MIR spectrometry to predict novel phenotypes for 
dairy applications has strongly increased since the mid-
2000s (De Marchi et al., 2014), highlighting a growing 
interest in the topic. These studies include the develop-
ment of direct quantification of traits (phenotypes) of 
interest (e.g., fatty acids as reported by Soyeurt et al., 
2006) but also of indirect, correlated, indicator traits 
(e.g., lactoferrin indicator as reported by Soyeurt et 
al., 2007). As already explained earlier, many (fine) 
milk components are considered as relevant phenotypes 
(i.e., biomarkers) or are linked to phenotypes that allow 
for precise monitoring of the status of the cows, their 
products (i.e., milk and subsequently dairy products), 
their behavior and wellbeing, and their environmental 
impact. Several European projects have addressed this 
topic from different points of view including RobustMilk 
(fatty acids and lactoferrin predictions), GreenHouse-
Milk (methane predictions), OptiMIR (mostly MIR 
tool implementation technology and novel management 
use, see Friedrichs et al., 2015), and GplusE (mostly 
health traits).
Novel milk phenotypes should add relevant informa-
tion to existing phenotypes either because they are 
providing new information in comparison to existing 
phenotypes (i.e., on the technological properties of 
milk) or because they supplement existing phenotypes 
(i.e., lactoferrin content in milk would supplement SCS 
as an indicator of clinical mastitis, Soyeurt et al., 2011). 
Hence, the large screening of these novel traits in rou-
tine should be complementary to the potentially limited 
recording of existing direct traits. Novel phenotypes 
should be highly correlated with values obtained using 
the gold standard method, and not necessarily replace 
the gold standard. This is different from its classical use 
in chemistry where the objective of MIR spectrometry 
is to replace the (gold) standard method, becoming 
itself the reference method. In animal production, the 
objective is to develop a prediction (i.e., indicator) 
that can be used in routine on a large scale toward a 
specific objective (e.g., an indicator of energy balance 
to select for fertility) and that is cheap, reliable, and 
robust but still achieves the best possible accuracy of 
prediction. As explained by De Marchi et al. (2014), 
MIR spectrometry was used successfully in animal pro-
duction for many novel traits (e.g., fatty acids, lactofer-
rin, minerals, milk technological properties), with new 
traits being still added (e.g., citrate, Bastin et al., 2015) 
that can then be useful for management and breeding 
purposes. For management, by using predictions for a 
group of animals (e.g., herd), under the hypothesis that 
prediction errors are random, accuracy of predictions 
for the group will increase. Similarly, random noise of 
prediction will affect the heritability of the predictions, 
but this should normally not hinder their use for breed-
ing purposes. Moreover, in animal breeding, correlated 
traits are often successfully used that show only moder-
ate genetic correlations (e.g., 0.5–0.7) with the traits of 
interest. In terms of coefficient of determination, a pa-
rameter that is often used by chemiometrists to assess 
the quality of prediction, an R2 of 0.5 would be consid-
ered very low and many MIR predictions are well above 
this value (De Marchi et al., 2014). Still, potential users 
should never forget that they are using indicator traits 
and not the gold-standard traits and that the genetic 
correlations between these traits could be very different 
from the phenotypic correlations approximated as the 
square root of the coefficients of determination.
RECENT INNOVATIONS IN THE USE OF MILK  
MIR SPECTRAL DATA FOR MANAGEMENT  
AND BREEDING
Given the novel usage of milk MIR spectral data 
in animal production, several methodological aspects 
have the potential to broaden the way the data are 
used beyond the use of a direct prediction equation 
of traits of interest. A major issue that was already 
recognized is that the relationship between the trait to 
predict and the variables used (e.g., milk components) 
can be influenced by other factors. This would lead to 
nonconstant prediction coefficient. A good illustration 
is recent and ongoing research on the link between CH4 
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and milk composition. Given that fatty acid profiles 
in milk are highly influenced by lipomobilization (e.g., 
Van Haelst et al., 2008), it is rather unlikely that the 
link between methane and fatty acids is constant. This 
was confirmed by recent research (Vanrobays et al., 
2015) and applied by Vanlierde et al. (2015).
A second innovation was to link directly MIR spec-
tra to complex phenotypes or phenotypes that are not 
directly related to a milk component. Recent examples 
are studies by McParland et al. (2011, 2014) linking 
energy balance, body energy status, and related traits 
directly to MIR spectra. By avoiding intermediate 
steps, prediction errors can theoretically be minimized 
when traits of interest are predicted directly from MIR 
spectra and not from milk components that are them-
selves predicted by MIR. In recent research on the pre-
diction of CH4, both innovations (e.g., lactation-stage-
specific coefficients and direct use of MIR spectra) were 
combined (Vanlierde et al., 2015). Ongoing research 
exploits at different places similar strategies to predict 
SARA or (subclinical) ketosis (Friedrichs et al., 2015). 
Especially for ketosis, the relationship between milk 
composition and the ketotic status of the cow can be 
considered largely nonlinear (i.e., a link can be estab-
lish to key milk components such as acetone, BHB, and 
citrate when they go over certain thresholds), thereby 
complicating any attempt to use spectral data directly. 
Instead, simplified decision trees (e.g., Grzesiak and 
Zaborski, 2012) are currently proposed based on MIR 
predictions of key milk components. Some recent devel-
opments were described by Davière (2014), Commun 
and Pezon (2015), and Schwarz et al. (2015).
It is likely that most value, especially for manage-
ment, lies in the modeling of milk components, ad-
dressing their longitudinal nature, and the comparison 
of expected and observed values. For milk yield and 
standard components, different studies explored this 
idea, some using very advanced methods (e.g., Van 
Bebber et al., 1999), others based on more standard 
linear mixed models (e.g., Mayeres et al., 2004; Koivula 
et al., 2007; Bastin et al., 2009). Especially inside the 
OptiMIR project, which developed management tools 
based on the direct use of MIR spectra. Research was 
initiated to detect patterns by comparing observed 
with expected MIR spectra and to use this information 
directly (e.g., Lainé et al., 2013, 2015).
Since the early use of MIR spectral techniques, dif-
ferent studies showed (e.g., Biggs, 1978) inherent issues 
in the stability of predictions between apparatuses and 
over time. As already explained before, limited means 
are available to render the predictions more stable across 
known instruments (e.g., repeatability file). For stan-
dard components, such as fat or protein, regular checks 
are organized with reference samples allowing bias and 
slope postprediction corrections. This is, however, only 
possible with classical component predictions where 
gold-standard values for reference samples are known. 
As soon as predictions for physiological status, energy 
balance, CH4, or similar traits are made, postpredic-
tion adjustments can no longer be used. In the frame 
of the OptiMIR project, this issue was recognized and 
a strategy developed to do pre-prediction standardiza-
tion of MIR apparatuses. Grelet et al. (2015) describes 
the deployed technology in detail. The used strategy 
included a harmonization across different brands, also 
solving the issue of the portability of prediction equa-
tions across brands.
All these novel traits can then be used to define best 
practices, adjust feeding and health management, im-
prove animal welfare, improve milk quality and limit 
environmental impact. Under the condition that MIR 
data are available on a large scale, phenotypes for these 
traits will allow genetic and genomic evaluations. First, 
novel traits can be used in a similar fashion as tradi-
tional traits (e.g., Gengler et al., 2012; Coffey et al., 
2013) using adapted genetic and genomic evaluation 
systems. Introduction of novel traits into the breeding 
objectives, or of indicator traits in selection indexes, 
will need additional research to clarify socio-economic 
weights and genetic correlation with other traits of in-
terest. Special care has to be taken to avoid unwanted 
correlated responses. Restricted selection index, as 
already proposed by Kempthorne and Nordskog (1959) 
and which allows restriction of correlated responses, 
may become again very useful as suggested by Gengler 
et al. (2012).
Given the fact that MIR spectral data provide a 
fingerprint of the whole milk composition phenotype, 
this type of data can be associated with the concept of 
phenomics. Houle et al. (2010) argued that phenomics 
should be recognized and pursued as an independent 
discipline to enable the development and adoption of 
high-throughput and high-dimensional phenotyping. 
Without any doubt, using MIR spectral data is the 
method of choice for obtaining high-throughput and 
high-dimensional phenotyping of milk composition. By 
acquiring the capacity to characterize the “phenome” 
milk, the relationship between phenome and genome 
should allow novel insight into the links between genes 
and milk composition. Combining multivariate pheno-
typic (i.e., MIR spectra) and genomic data (i.e., SNP 
markers) will give new challenges, potentially requiring 
novel strategies such as feature selection techniques 
(Saeys et al., 2007). Currently, research has not yet 
reached this level, but several studies already assessed 
the genetic content in each data point (wavenumber) es-
timating heritability along the whole spectrum (Soyeurt 
et al., 2010; Bittante and Cecchinato, 2013; Dagnachew 
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et al., 2013). Especially Dagnachew et al. (2013) de-
veloped and tested the idea of direct prediction where 
the estimated breeding values of the MIR spectral data 
traits combine into milk component breeding values.
CONCLUSIONS
This review showed that the use of fine milk composi-
tion for breeding and management is warranted under 
the hypothesis that relevant phenotypes are available 
to allow precise monitoring of the status of the cows, 
their health, behavior, and wellbeing as well as their 
environmental impact and their products (i.e., milk and 
subsequently dairy products). Conventional milk com-
ponents such as fat, protein, urea, and lactose contents 
in milk are currently used but milk composition is much 
more complex and other components can be used in an 
informative way. Major conventional milk components 
are routinely predicted by MIR spectrometry, and re-
search showed that many other novel phenotypes can 
be predicted using classical MIR-prediction-equation-
based techniques. This method was used successfully 
for many novel traits, obtaining for some precise esti-
mation of contents allowing the replacement of gold-
standard methods (e.g., several fatty acids) or for other 
indicator traits that still are useful for breeding and 
herd management (e.g., minerals, lactoferrin). Recent 
research projects supported the development of several 
technological advances in the use and deployment of 
MIR technologies. In particular, novel traits might not 
allow deploying postprediction corrections for bias and 
slope as currently done in conventional traits, the pre-
prediction standardization of MIR apparatuses will be 
required. But the development of innovative method-
ologies to use MIR data is ongoing. An innovation was 
to consider the longitudinal nature of the relationship 
between the trait of interest and the MIR spectra (e.g., 
to predict CH4 from MIR). By avoiding intermediate 
steps, prediction errors can be minimized when the 
traits of interest (e.g., CH4, energy balance, ketosis) are 
predicted directly from MIR spectra. Also, MIR spectra 
may contain more patterns; therefore, research is ongo-
ing to compare observed from expected MIR spectra 
directly using the difference to detect the hidden status 
of the animal (e.g., pregnancy). All of these traits can 
then be used to define best practices, adjust feeding and 
health management, improve animal welfare, improve 
milk quality, and mitigate environmental impact. Under 
the condition that MIR data are available on a large 
scale, phenotypes for these traits will allow genetic and 
genomic evaluations. More advanced genomic and data 
analysis tools can potentially be used to link the global 
milk phenome with the genome. However, even after 
making breeding values for novel traits available, the 
introduction of novel traits into the breeding objectives 
will need additional research to clarify socio-economic 
weights and genetic correlations with other traits of 
interest. Additional research will also be necessary to 
access the optimal combination between the collection 
and use of direct novel traits using reference methods 
versus the use of MIR predictions or indicator traits in 
the context of a comprehensive breeding program. A 
first element to be considered could be the distinction 
between a breeding objective trait (i.e., the direct trait) 
and an index trait (i.e., the predictor trait).
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